Purpose: The purpose of this study was to develop an advanced computer-aided detection ͑CAD͒ scheme utilizing massive-training artificial neural networks ͑MTANNs͒ to allow detection of "difficult" polyps in CT colonography ͑CTC͒ and to evaluate its performance on false-negative ͑FN͒ CTC cases that radiologists "missed" in a multicenter clinical trial. Methods: The authors developed an advanced CAD scheme consisting of an initial polyp-detection scheme for identification of polyp candidates and a mixture of expert MTANNs for substantial reduction in false positives ͑FPs͒ while maintaining sensitivity. The initial polyp-detection scheme consisted of ͑1͒ colon segmentation based on anatomy-based extraction and colon-based analysis and ͑2͒ detection of polyp candidates based on a morphologic analysis on the segmented colon. The mixture of expert MTANNs consisted of ͑1͒ supervised enhancement of polyps and suppression of various types of nonpolyps, ͑2͒ a scoring scheme for converting output voxels into a score for each polyp candidate, and ͑3͒ combining scores from multiple MTANNs by the use of a mixing artificial neural network. For testing the advanced CAD scheme, they created a database containing 24 FN cases with 23 polyps ͑range of 6 -15 mm; average of 8 mm͒ and a mass ͑35 mm͒, which were "missed" by radiologists in CTC in the original trial in which 15 institutions participated. Results: The initial polyp-detection scheme detected 63% ͑15/ 24͒ of the missed polyps with 21.0 ͑505/ 24͒ FPs per patient. The MTANNs removed 76% of the FPs with loss of one true positive; thus, the performance of the advanced CAD scheme was improved to a sensitivity of 58% ͑14/ 24͒ with 8.6 ͑207/ 24͒ FPs per patient, whereas a conventional CAD scheme yielded a sensitivity of 25% at the same FP rate ͑the difference was statistically significant͒. Conclusions: With the advanced MTANN CAD scheme, 58% of the polyps missed by radiologists in the original trial were detected and with a reasonable number of FPs. The results suggest that the use of an advanced MTANN CAD scheme may potentially enhance the detection of "difficult" polyps.
I. INTRODUCTION
Colorectal cancer is the second leading cause of cancerrelated death in the United States. Evidence suggests that early detection and removal of polyps can reduce the incidence of colorectal cancer. 1 Further, when colorectal cancer is detected at an early, localized stage, the 5-yr relative survival rate is 90%. 2 CT colonography ͑CTC͒, also known as "virtual colonoscopy," has gained considerable attention as an effective technique for detecting colorectal polyps and neoplasms by the use of a CT scan of the colon. 3 CTC provides an option for a colorectal cancer examination that is less uncomfortable, 4, 5 less invasive, and less costly 6 than for colonoscopy. A variety of data now support CTC as a sensitive and specific method for detection of polyps. [7] [8] [9] [10] [11] Accordingly, several national societies including the American Cancer Society have endorsed CTC as an option for colorectal cancer screening of average risk, asymptomatic patients. 12 Importantly, skilled interpretation of CTC requires specific training and is associated with a "learning curve," and variability in training may contribute to variability in reader expertise. The variability in the reported sensitivity as well as the training level in several large multicenter clinical trials is consistent with this concept, [7] [8] [9] 13, 14 and the propensity for perceptual errors 15 remains problematic. Computer-aided detection ͑CAD͒ may substantially enhance polyp detection 16, 17 not only by improving radiologists' diagnostic performance but also by reducing reader variability.
Researchers have developed CAD schemes for polyp detection in CTC. Summers et al. 18 developed a CAD scheme based on the curvature of the surface of the colonic wall. Jerebko et al. 19 incorporated a standard artificial neural network ͑ANN͒ to classify polyp candidates in the CAD scheme and improved the performance by utilizing a committee of ANNs ͑Ref. 20͒ and a committee of support vector machines. 21 Their scheme yielded a sensitivity of 90% ͑35/ 39͒ for polyps ͑ ജ 3 mm͒ with 31.4 FPs per patient. 19 Recently, a CAD scheme from Summers et al. was tested and compared to a commercial CAD product ͑polyp enhanced viewing software, Siemens Medical Solutions, Forchheim, Germany͒. 22 Their CAD scheme yielded a sensitivity of 83% ͑30/ 36͒ for polyps ͑ ജ 6 mm͒ with 5.2 FPs per patient, whereas the commercial product yielded a sensitivity of 56% ͑20/ 36͒ with 1.2 FPs per patient for the same database. Li et al. 23 improved the performance of their CAD scheme for medium-size polyps ͑6-9 mm͒ by incorporating the wavelet transform, and they reported a sensitivity of 71% ͑32/ 45͒ for medium-size polyps with 5.4 FPs per patient. Another commercial CAD product ͑ColonCAD, Phillips Medical Systems, Best, the Netherlands͒ was tested and yielded a sensitivity of 68% ͑60/ 88͒ for polyps ͑ ജ 6 mm͒, but the number of FPs was not reported. 24 Kiss et al. 25 reported on a CAD scheme based on convexity and sphericity and used a standard ANN for the reduction in FPs. Their scheme yielded a sensitivity of 80% ͑12/ 15͒ for polyps ͑ ജ 5 mm͒ with 8.2 FPs per patient. We developed a CAD scheme based on the shape index, 26 feature analysis, 27 and a mixture of expert three-dimensional ͑3D͒ MTANNs and achieved a sensitivity of 96% ͑27/ 28͒ for polyps ͑ ജ 5 mm͒ with 1.1 FPs per patient. 28 Thus, the reported performance of the existing CAD schemes ranges between by-polyp sensitivities of 56% and 96% with FP rates between 1.1 and 31.4 per patient.
Although current CAD schemes for the detection of polyps in CTC appear to be useful, some limitations remain. One of the major limitations with current CAD is a lack of evaluation in the setting of "difficult" polyps, particularly those which readers fail to detect by using standard techniques. It is notable that previously reported studies [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] of the utility of CAD routinely studied datasets including polyps that had been detected by readers. CAD benefits cannot be fully evaluated based on such true-positive ͑TP͒ polyps because these polyps are likely to be detected without CAD. Another major limitation of CAD is that it is associated with a relatively large number of false positives ͑FPs͒, which could adversely affect the clinical application of CAD to colorectal cancer screening. A large number of FPs are likely to confound the radiologist's task of image interpretation and thus lower the efficiency. Thus, it is important to reduce the number of FPs as much as possible while maintaining a high sensitivity. Therefore, a major challenge in CAD development is the detection of difficult polyps which radiologists are likely to miss, with a reasonable number of FPs.
Our purpose was to develop a CAD scheme utilizing 3D massive-training artificial neural networks ͑MTANNs͒ 28, 29 to allow detection of difficult polyps in CTC and to evaluate its performance on false-negative ͑FN͒ cases that reporting radiologists actually "missed" during their initial reading in a large multicenter clinical trial.
II. MATERIALS AND METHODS
The Institutional Review Board ͑IRB͒ approved this retrospective study. Informed consent for use of cases in this study was waived by the IRB because patient data was deidentified. This study complied with the Health Insurance Portability and Accountability Act, met all standards for good clinical research according to the NIH's and local IRB's guidelines.
II.A. CTC databases
Our testing database consisted of CTC scans obtained from a previous multicenter clinical trial 14 that included aircontrast barium enema, same-day CTC and colonoscopy, and segmental unblinding for each subject, followed by robust reconciliation of all lesions utilizing the data from all three imaging examinations ͑thereby assuring accuracy of the reported consensus colon findings͒. 614 high-risk subjects participating in the original trial were scanned in both supine and prone positions with a multidetector-row CT system with collimations of 1.0-2.5 mm and reconstruction intervals of 1.0-2.5 mm. Each CT slice had a spatial resolution of 0.5-0.7 mm/ pixel. The reference standard was a final reconciliation of the unblinded lesions identified on all of the three examinations.
In the original trial, 155 patients had 234 clinically significant polyps ͑6 mm or larger in size͒. Among them, 69 patients had FN interpretations ͓i.e., the by-patient sensitivity was 55% ͑86/ 155͔͒. These patients had 114 "missed" polyps/masses, which were not detected by reporting radiologists during their initial clinical reading. Causes of errors included observer errors ͓51% ͑35/ 69͒; observer perceptual or observer measurement͔, technical errors ͓23% ͑16/ 69͒; artifact, distension, fluid, excessive stool, etc.͔, and nonreconcilable ͓26% ͑18/ 69͒; polyps that were not found at retrospective analysis͔. 15 The perceptual errors 15 are associated with polyps that failed to be detected by the observers. The measurement errors 15 refer to the errors associated with undermeasurement of polyp size as compared to colonoscopy findings as the "reference standard." Such polyps were counted as FNs in the study. 15 In this study, we focused on FN cases with observer errors because the aim of computeraided diagnosis is to prevent observer errors. Technical errors including miselectronic cleansing should be minimized by removal of the source of each technical error.
For the evaluation of our CAD scheme, we created a database with the inclusion criterion that each case had at least one polyp that was visible on both supine and prone views. As a result, we obtained the 14 FN cases with 13 polyps and a mass due to the observer errors in our database. To test our CAD scheme more critically, we added ten FN cases containing ten polyps that were visible only on either view to the visible-on-both subdatabase ͑i.e., the 14 FN cases͒ and obtained a testing database containing a total of 24 FN cases with 23 polyps and a mass ͑we did not include cases with DICOM header corruption or cases with missing CT data in either position; note that they were all available FN cases͒. A radiologist experienced in CTC ͑Ͼ1000 cases read͒ reviewed CTC cases carefully and determined the locations of polyps with reference to colonoscopy reports. Polyp sizes ranged from 6 to 15 mm, with an average of 8.3 mm. The mass size was 35 mm. The size distributions of FN polyps/masses in the entire trial and in the total database used in this study are shown in Fig. 1 . 14, 7, 2, and 1 lesion were adenoma, hyperplastic, normal ͑one was a hamartoma; a detailed result was not available for the other lesion͒, and unknown ͑pathology result was not available͒, respectively. An experienced radiologist determined the difficulty of detection for each polyp/ mass as difficult, moderate, and easy ͑the definitions are described in Sec. II C͒. The radiologist also determined the morphology of each polyp.
Our training database consisted of CTC scans obtained from 14 patients, acquired at the University of Chicago Medical Center, which were completely different from the testing database. We used the training database for training the entire CAD scheme except for a mixing ANN which was tested with a leave-one-lesion-out cross-validation test. Because of the nature of a leave-one-lesion-out cross-validation test, we used the testing database for training and testing the mixing ANN. The 14 patients had 26 polyps, 12 of which were 5 -9 mm and 14 were 10-25 mm in size. All polyps were detected by radiologists in CTC, i.e., true-positive CTC cases. Each CT slice had a spatial resolution of 0.5-0.7 mm.
II.B. CAD scheme utilizing 3D massive-training ANN
"3D MTANN… Our CAD scheme was comprised of an initial polypdetection scheme consisting of ͑1͒ colon segmentation based on anatomy-based extraction and colon-based analysis 30 and ͑2͒ detection of polyp candidates based on morphologic analysis on the segmented colon, 31 and a "mixture of expert" 3D MTANNs for FP reduction, 28 as shown in Fig. 2 .
II.B.1. Initial polyp-detection scheme
Technical details of the initial polyp-detection scheme have been described in Refs. 30 and 31. To summarize, the segmentation process consisted of two major steps: ͑1͒ Anatomy-based extraction and ͑2͒ colon-based analysis. The anatomy-based segmentation consisted of the following steps. The volume outside the body was segmented based on CT values thresholding, followed by a 3D connectivity test; and the resulting volume is called an "air mask." Bone structures that correspond to the spine, pelvis, and parts of the ribs in the original volume were segmented in the same manner. The resulting volume is called a "bone mask." The 3D gradient of the CT value was calculated at each voxel that does not belong to the volume defined by the union of the two masks ͑i.e., air and bone masks͒; those voxels that have gradient and CT values greater than predefined threshold values were retained. Finally, the connected component that has the largest number of voxels was identified as the extracted colon.
After the colon was segmented, polyp candidates in the colonic wall were identified by extracting geometric features that characterize polyps at each point on the wall. Polyps adhering to the colonic wall tend to appear as relatively small, bulbous, caplike structures, and the colonic wall itself appears as a large, nearly flat cuplike structure. To characterize these shape and scale differences among polyps, folds, and colonic wall, two 3D geometric features called the volumetric shape index ͑SI͒ and volumetric curvedness 32, 33 were used. The volumetric SI, SI͑p͒, and the volumetric curvedness, CV͑p͒, at a voxel p are defined 26 as CV͑p͒ ϵ ͱ
where 1 2 are the principal curvatures defined as the eigenvalues of the Weingarten endomorphism matrix. 34 The SI characterizes the topologic shape of the volume in the vicinity of a voxel. This index determines to which of the following five topologic shapes a voxel belongs: cup, rut, saddle, ridge, or cap. Voxels that belong to the cup shape have values around 0; rut, around 0.25; saddle, around 0.5; ridge, around 0.75; and cap, around 1.0; although the transition from one topologic shape to another occurs continuously. The curvedness CV of a voxel represents the magnitude of the effective curvature at the voxel, which is defined as the square root of the sum of the squared minimum and maximum curvatures at the voxel. 33 To identify polyp candidates, thresholding on SI and CV was performed.
II.B.2. 3D MTANNs for reduction in FPs
To remove various types of FPs produced by the initial polyp-detection scheme while maintaining a high sensitivity, we developed a mixture of expert 3D MTANNs. 28 A schematic illustration of the principles of a 3D MTANN is shown in Fig. 3 . To process 3D CTC volume data, a 3D MTANN ͑Ref. 29͒ was developed by extending the structure of a twodimensional ͑2D͒ MTANN. [35] [36] [37] The 3D MTANN consists of a linear-output ANN model for regression, 38 which is capable of operating on voxel data directly. The input to the 3D MTANN is the voxel values I͑x , y , z͒ in a subvolume V S extracted from an input volume. The output of the 3D MTANN is a continuous value, represented by
where NN͕ · ͖ is the output of the linear-output ANN. The 3D MTANN is trained with input CTC volumes and the corresponding "teaching" volumes for enhancement of polyps and suppression of nonpolyps. The teaching volume contains a 3D Gaussian distribution with standard deviation T for enhancement of polyps and suppression of nonpolyps in CTC volumes. This distribution represents the "likelihood of being a polyp" for a polyp and zero for a nonpolyp,
ͮ for a polyp 0 otherwise.
· ͑4͒
The 3D MTANN involves training with a large number of subvolume-voxel pairs. For enriching the training samples, a training volume, V T , extracted from the input CTC volume is divided voxel by voxel into a large number of overlapping subvolumes. Single voxels are extracted from the corresponding teaching volume as teaching values. The expert 3D MTANN is massively trained by the use of each of a massive number of the input subvolumes together with each of the corresponding teaching single voxels; hence, the term "massive-training ANN." The error to be minimized by training of the nth expert 3D MTANN is represented by
where c is a training case number, O n,c is the output of the nth expert MTANN for the cth case, T n,c is the teaching value for the nth expert MTANN for the cth case, and P n is the number of total training voxels in the training volume for the nth expert 3D MTANN, V Tn . The expert 3D MTANN is trained by a linear-output backpropagation algorithm. 39 After training, the expert 3D MTANN is expected to output higher values for a polyp and lower values for a nonpolyp. Thus, by training with input lesion/nonlesion volumes together with teaching volumes that contain the "likelihood of being a lesion," the 3D MTANN was trained to enhance polyps and suppress various types of nonpolyps including rectal tubes, stool with bubbles, colonic walls, folds, and solid stool in the training database.
For combining output voxels from the trained expert 3D MTANNs, we developed a 3D scoring method. A score for a given polyp candidate from the nth expert 3D MTANN is defined as 
is a 3D Gaussian weighting function with standard deviation n , V E is the volume for evaluation, and O n ͑x , y , z͒ is the output volume of the nth trained expert 3D MTANN. The use of the 3D Gaussian weighting function allows us to combine the responses ͑outputs͒ of a trained expert 3D MTANN as a 3D distribution. This score represents the weighted sum of the estimates for the likelihood that the volume ͑polyp candidate͒ contains a polyp near the center, i.e., a higher score would indicate a polyp, and a lower score would indicate a nonpolyp.
The scores from the expert 3D MTANNs are combined by the use of a mixing ANN such that different types of nonpolyps can be distinguished from polyps. The mixing ANN consists of a linear-output multilayer ANN model with a linear-output backpropagation training algorithm 38 for processing of continuous output/teaching values. One unit is employed in the output layer for distinction between a polyp and a nonpolyp. The scores of each expert 3D MTANN are used for each input unit in the mixing ANN. The output of the mixing ANN for the cth polyp candidate is represented by
where NN͑ · ͒ is the output of the linear-output ANN model and N is the number of input units. After training, the mixing ANN is expected to output a higher value for a polyp and a lower value for a nonpolyp. Thus, the output can be considered to be a likelihood of being a polyp. Each of the output images was converted to a single score, indicating the likelihood of being a lesion for each lesion candidate by the use of a scoring scheme consisting of a mixing ANN. The mixing ANN was trained and tested with the testing database of 24 FN cases by the use of a leave-one-lesion-out crossvalidation test. Classification between polyps and nonpolyps was made by thresholding of the likelihood scores. The balance between a TP rate and an FP rate was determined by the selected threshold value. The overall performance was evaluated by free-response receiver operating characteristic ͑FROC͒ analysis. 40 We compared the performance of our CAD scheme utilizing the 3D MTANNs to that of a standard CAD scheme 31 consisting of the same initial polyp-detection scheme, calculation of 3D pattern features of the polyp candidates, and linear discriminant analysis ͑LDA͒ for classification of the polyp candidates as polyps or nonpolyps based on the pattern features ͑this conventional CAD is referred to as LDA CAD͒. For fair comparisons with the mixing ANN, the LDA was trained and tested using same testing method ͑i.e., a leave-one-lesion-out cross-validation test͒ with the same testing database ͑i.e., 24 FN cases͒ as used for testing of the mixing ANN.
II.C. Analysis of TPs, FNs, and FPs
There is no established objective metric, to our knowledge, for rating the difficulty of CTC cases. Therefore, for analyzing the computer outputs on CTC cases, a subjective decision was made by an expert unblinded to the fact that the cases were FNs in the trial. 41 To analyze TPs and FNs by our MTANN CAD scheme, the unblinded radiologist subjectively graded polyps as easy, moderate, and difficult to detect by using both 2D analysis and 3D problem solving on a Vital Images workstation with VITREA 2 software ͑version 3.7, Vital Images, Minneapolis, MN͒. To analyze FPs generated by our MTANN CAD scheme, the radiologist reviewed all FPs and identified the sources of error for the FPs. The unblinded radiologist subjectively graded FPs in terms of ease of identification of the FP output as not being a polyp/mass, into easy, moderate, and difficult by using both 2D and 3D views. An easy case is defined as "it is obviously not a polyp/mass" when viewed on 2D and/or 3D views. A moderate case would require interactive window/level adjustment and paging several times. A difficult case, i.e., "pitfalls" with CAD for radiologists, would require supine/prone comparison.
III. RESULTS

III.A. CAD performance
Our initial polyp-detection scheme yielded a ͑by-polyp = by-patient͒ sensitivity of 71.4% ͑10/ 14͒ with 18.9 ͑264/ 14͒ FPs per patient with the polyp-visible-on-bothviews subdatabase including 14 cases. We applied the trained mixture of expert 3D MTANNs for reduction in the FPs. The polyps/mass were enhanced by the 3D MTANNs in the output images, whereas nonlesions were suppressed, as illustrated in Fig. 3 . The mixture of expert 3D MTANNs was able to remove 35% ͑93/ 264͒ or 76% ͑201/ 264͒ of the FPs with loss of 0 or 1 TP, respectively, as shown in Fig. 4 . To test the generalization ability of our CAD scheme more strictly, we applied our scheme to the total database which included 10 FN polyps that were visible only on one view, in addition to the 14 cases. Our initial polyp-detection scheme yielded a FIG. 4 . FROC curves for the performance of our CAD scheme utilizing 3D MTANNs and that of the conventional LDA CAD scheme for the 14-case polyp-visible-on-both-views subdatabase and the whole 24-case database. Our scheme achieved 58% sensitivity with 8.6 FPs/patient for 24 polyps/ mass missed by reporting radiologists in the original clinical trial. The error bars indicate 95% confidence intervals. sensitivity of 63% ͑15/ 24͒ with 21.0 ͑505/ 24͒ FPs per patient, as shown in Fig. 4 . The MTANNs removed FPs substantially, and our CAD scheme achieved a sensitivity of 58% ͑14/ 24͒ with 8.6 ͑207/ 24͒ FPs per patient for the 24 missed lesion cases, whereas the conventional LDA CAD scheme achieved a sensitivity of 25% ͑6 / 24͒ at the same FP rate. There were statistically significant differences between the sensitivity of the MTANN CAD scheme and that of the conventional LDA CAD scheme for both databases, as the 95% confidence intervals in Fig. 4 indicate, where the 95% confidence intervals were calculated under an initialdetection-and-candidate-analysis FROC model. 42 The difference between the sensitivities of the MTANN CAD scheme for the polyp-visible-on-both-views cases and polyp-visibleonly-on-one-view cases was not statistically significant. 42 Therefore, our MTANN CAD scheme has the potential to detect 58% of missed polyp/mass cases with a reasonable number of FPs.
III.B. Analysis of FN and FP sources
Among the 24 polyps/mass, 17 polyps, 6 polyps, and 1 mass were classified by a radiologist into difficult, moderate, and easy, respectively. Among the 23 polyps, 12, 9, and 2 were categorized as sessile, sessile on a fold, and pedunculated, respectively. Figure 5 illustrates FN polyps detected by our MTANN CAD scheme. All three examples were graded as difficult to detect. We would expect our CAD scheme to be helpful in the detection of difficult polyps. Table I summarizes characteristics of polyps detected or missed by our CAD scheme. Our CAD scheme tended to miss small, sessile polyps visible only on one view, rated as difficult. There was a statistically significant difference between difficult cases and others in the detectability characteristic ͑chi-square test, P Ͻ 0.05͒; there was no statistically significant difference in the other characteristics. Figure 6 illustrates FN polyps that were not detected by our CAD scheme. Polyp ͑a͒ is sessile on a fold, rated as difficult to detect, and polyp ͑b͒ is very small and sessile on a fold, rated as difficult to detect.
We reviewed 63 FPs at a specific operating point ͑i.e., a sensitivity of 64% with 4.5 FPs per patient͒ for the 14-cases subdatabase and identified the sources of error, as summarized in Table II . Twenty-five FPs were related to flexural pseudotumors or folds comprised of converging folds, haustral folds, and tenea coli. Twenty FPs were considered to be related to stool artifact. Four FPs were located in the small bowel and were therefore attributed to segmentation error and were not analyzed further. Collapsed colon segments and FIG. 5. Illustrations of polyps missed by reporting radiologists during initial reading in the original trial in 2D views ͑upper images͒ and 3D endoluminal views ͑lower images͒, which were detected by our MTANN CAD scheme. ͑a͒ A small polyp ͑6 mm; hyperplastic͒ in the sigmoid colon was detected correctly by our CAD scheme ͑indicated by an arrow͒. This polyp was missed in both CTC and reference-standard optical colonoscopy in the original trial. ͑b͒ A small polyp ͑6 mm; adenoma͒ in the sigmoid colon. ͑c͒ A sessile polyp on a fold ͑10 mm; adenoma͒ in the ascending colon. ͑4%͒   FIG. 6 . Illustrations of polyps missed by reporting radiologists during initial reading in the original trial in 2D views ͑upper images͒ and 3D endoluminal views ͑lower images͒, which were not detected by our CAD scheme. ͑a͒ A sessile polyp on a fold ͑12 mm; adenoma͒ in the descending colon. ͑b͒ A small sessile polyp on a fold ͑6 mm; hyperplastic͒ in the cecum.
rectal tubes accounted for three FPs each. Two ileocecal valves ͑ICVs͒ were incorrectly marked by the CAD scheme as polyps. The remaining six FPs were grouped in the miscellaneous category, which included respiratory motion, extrinsic compression, streak artifact, and compression by or interface with the rectal catheter retention balloon. We determined the subjective grading of ease of identification of the FP output as not being a polyp. Easy, moderate, and difficult cases accounted for 69%, 18%, and 13% of all FPs, respectively. Figure 7 illustrates examples of moderate and difficult cases. Easy, moderate, and difficult cases included tenea coli, respiratory motion, and a haustral fold; a collapsed colon segment, blunted folds, and stool; and stool and a hemorrhoid, respectively.
IV. DISCUSSION
The overarching clinical utility of a CAD scheme is dependent on both its sensitivity and specificity ͑i.e., its FP rate͒. A higher CAD sensitivity is desirable; however, it is associated with a high FP rate. Reduction in FPs is a major challenge for current CAD schemes. Some CAD studies 23, 31, 18, 43, 44 have used polyps detected by radiologists in CTC, i.e., "human TP polyps." One drawback to such an approach is that the benefit of the increased potential sensitivity of CAD will not be fully realized because these polyps are likely to be detected by radiologists without CAD. We have developed a novel MTANN technique, specifically intended to reduce FPs while maintaining a high sensitivity. In this study, we tested this technique on a population of known "FN" lesions, and we demonstrated an increase in sensitivity, yet at the same time maintaining a reasonable number of FPs. Indeed, our MTANN CAD scheme detected 58% of previously missed polyps. We believe that the sensitivity of 58% of our MTANN CAD scheme for the missed polyps would be useful in assisting radiologists in their detection of polyps in CTC.
We calculated a hypothetical performance of CTC with our MTANN CAD scheme. If our MTANN CAD was available in the trial, and if radiologists agreed on all CAD TP detections, the hypothetical sensitivity of CTC with our MTANN CAD could be 81% ͑the 55% by-patient sensitivity of CTC alone+ the CTC FN rate+ the 58% by-patient sensitivity of our MTANN CAD͒. It should be noted that this sensitivity calculation of CTC plus CAD is only hypothetical. We will need an observer performance study to prove this because radiologists may not agree on some CAD TP detections.
69% of the FPs classified as easy to identify as a nonpolyp would be obvious to a trained reader or radiologist as folds, stool, rectal tubes, ICVs, segmentation errors ͑e.g., small bowel͒, or technical errors. A fold might look like a polyp on 2D, but on 3D, it would readily be recognized as a fold. Technical errors due to respiratory motion or streak artifacts are also easily recognized on 2D images. CAD outputs in this category are not likely to decrease the radiologist's efficiency because they are easily dismissed. 18% of the FPs were of moderate difficulty. In this category, there were nodular folds or stool that resembles polyps in terms of size, shape, and consistency in one window or level. Suboptimal distention also contributed to FPs in this group; thus, these FPs could be minimized by optimal attention to distension when CTC is performed. 45 The nonpolyps in the "moderate" category are easily identified as nonpolyps by adjusting the window or level and paging through the area. 13% of the FPs graded as difficult can be separated conceptually into two groups. "Desirable" CAD outputs are those that an expert reader would maintain to be a polyp even after careful problem solving ͓e.g., Fig. 7͑c͔͒ , and if it is sufficiently large, it would be referred for optical colonoscopy. Such marks are favorable because they help radiologists locate potential polyps. "Undesirable" CAD outputs are ones that require some time for problem solving and identification, but an expert reader would not confuse them as polyps ͓e.g., Fig. 7͑d͔͒ . Six out of eight FPs categorized as difficult were very polyplike and would be considered desirable outputs.
One potential limitation of this study is that we evaluated what might be considered to be a relatively small number of lesions. However, the cases were selected in an entirely unbiased manner; moreover, we intentionally focused on definitive lesions that had been previously undetected ͑yet pathologically confirmed͒ in primary reads-making recruitment of cases difficult. We did not obtain a statistically sig- nificant difference between sensitivities of our CAD for polyps visible on both views and only on either view. This indicates that the reported performance would be generalizable. Additionally, it should be noted that because our CAD scheme, including the 3D MTANNs, was developed with an independent training database, any bias due to the training/ testing separation issue would be expected to be minimal. Because the mixing ANN in the mixture of expert 3D MTANNs is a modified version of a standard multilayer ANN model ͑i.e., multilayer perceptron͒, 38 it has the same property of the standard ANN model, including the "overfitting" ͑or overtraining͒ issue. If the standard ANN is trained with a very small number of cases, it will face the overfitting issue, where the ANN overfits the training cases, and it is not likely to work for nontraining cases. We did not use the training database for training the mixing ANN because the 14 cases would be too small in number for determining the free parameters of the ANN adequately. With a leave-one-out cross-validation test, however, we can use the maximally available cases for training the ANN, and we can test the trained ANN with the maximally available testing cases. Therefore, we performed a leave-one-lesion-out crossvalidation test for evaluating the mixing ANN.
The mixing ANN was tested by the use of a leave-onelesion-out cross-validation test which is generally pessimistically biased. [46] [47] [48] In other words, the performance estimate obtained from the leave-one-out cross-validation test is generally lower than the "true" performance. Studies 47, 48 showed that when the number of samples is small, the pessimistic bias is large, i.e., the smaller the number of samples used, the lower the performance estimated from the leave-one-out cross-validation test will be, compared to the true performance. Therefore, the performance of our CAD scheme for a different database would be comparable to ͑or potentially better than͒ that reported in this study. Although the 3D MTANNs were trained with only 10 polyps in a training database, the performance for the 24 missed polyps in an independent database was high, which reflects the robustness of the technique. This observation on the generalizability of our approach is consistent with that in our previous studies, 29, 35, 36, 49, 52 which involved 109 lung nodules in thoracic CT, 35 and in another, 76 malignant nodules and 413 benign nodules in thoracic CT. 36 Another limitation of this study is that the subjective grading of ease of detection of polyps and ease of identification of computer FPs was done by a single radiologist. Because another radiologist would grade them differently and the grading would depend on the experience of the radiologist, it would be better to have the grading done by multiple radiologists. We believe that our analysis results of computer TPs, FNs, and FPs by a single radiologist's grading would still be useful as a reference for other researchers to understand the characteristics of computer TPs, FNs, and FPs.
Some of the polyps missed by radiologists were very small and/or of the sessile type ͑these are major causes of human misses͒. Some sessile-type polyps such as flat lesions are known to be histologically aggressive; 50 therefore, detection of such polyps is clinically important, but they are difficult to detect because of their uncommon morphology. Our MTANN CAD scheme detected these difficult polyps correctly. It should be noted that one polyp correctly detected by our CAD scheme had been missed in both CTC and reference-standard optical colonoscopy in the trial ͑i.e., it was detected only on air-contrast barium enema͒; thus, detection of this polyp may be considered "very difficult." An important subcategory of sessile polyps is flat lesions ͑also known as nonpolypoid lesions, superficial elevated lesions, or depressed lesions͒. 50 The definition of flat lesions has not been established yet: some experts use a "height" criterion ͑height Ͻ3 mm͒; some use a "ratio" criterion ͑height Ͻ1 / 2 the long axis͒. Moreover, it is still controversial which window/level setting ͑i.e., lung, soft tissue, or flat͒ should be used in the measurement of flat lesions, or which view ͑i.e., 2D or 3D͒ should be used. Therefore, we do not use the term, "flat lesion," but use a "sessile polyp."
Our study focused on FN lesions in CTC in a clinical trial. Recent CTC studies used a fecal tagging technique to improve the specificity. The effect of the fecal tagging technique on the performance of a CAD scheme would be removal of FPs due to stool. The FPs due to stool produced by our MTANN CAD scheme were 32%. If we use fecaltagging CTC data, we may be able to reduce the FP rate of our scheme by up to 32%.
Polyps difficult to be detected by radiologists are also difficult for our CAD scheme, i.e., our scheme tended to miss small, sessile polyps visible only on one view, rated as difficult by a radiologist. Development of a technique for sessile polyps including flat lesions would be a key to the further improvement of the sensitivity. On the other hand, most CAD FPs were not difficult to be dismissed by a radiologist. This implies that a high sensitivity for difficult polyps is more important for a CAD scheme than a low FP rate. However, a lower number of FPs are desirable because a study showed that a larger number of FPs affected the reading time adversely. 51 In our previous studies, 28, 29 we evaluated the performance of our CAD scheme with 73 CTC cases including 14 patients with 28 polyps that had been detected by radiologists, i.e., true-positive CTC cases. Our CAD scheme yielded 96.4% ͑27/ 28͒ by-polyp sensitivity for polyps 5 mm or larger, with an average of 1.1 ͑82/ 73͒ FPs per patient. The results in our previous and present studies also supported that polyps difficult to detect by radiologists are also difficult for a CAD scheme.
V. CONCLUSION
We have shown that a CAD scheme utilizing MTANNs detected 58% of polyps missed by CTC readers and that the number of FPs remained relatively low, whereas a standard CAD scheme yielded a sensitivity of 25% ͑6 / 24͒ at the same FP rate. These data imply that such a CAD scheme would be useful for detecting difficult polyps which radiologists are likely to miss, thus potentially improving readers' sensitivity in the detection of polyps in CTC.
